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A B S T R A C T

Users' low willingness to participate in discussions in comment sections and the often-poor quality of their 
contributions have been identified as key challenges in online participation. To address these issues, previous 
research has proposed various strategies, including moderation. We argue that a less well-researched interven
tion, namely aggregation in the form of discussion summaries, reduces users’ information overload and enhances 
their objective knowledge and subjective knowledge, which in turn are positively associated with their willingness to 
participate and the deliberative quality of their comments. Results from an online experiment (n = 643) support most 
of our hypotheses, though objective knowledge does not directly impact willingness to comment. Differences 
between aggregation criteria were minimal, but fact-based aggregation was superior in improving objective 
knowledge compared to opinion- or argument-based approaches. These findings suggest that platform designers 
and moderators can utilize aggregation techniques to encourage participation and foster higher-quality online 
discourse.

1. Introduction

Online discussions in user comment sections on news websites and 
below publicly visible content on major social media platforms (e.g., 
Facebook, Instagram, YouTube, X) have the potential to enrich demo
cratic discourse but often fall short of deliberative standards (Stroud 
et al., 2015). Only a minority of users actively engage in these discus
sions, and the quality of their contributions is frequently low, as they 
often lack argumentation and are marked by disrespectful behavior 
(Black et al., 2011; Esau et al., 2023; Papacharissi, 2004). A common 
explanation for the low quality is the unstructured nature of online 
discussions (Peacock et al., 2019). Scholars argue that the deliberative 
potential of the internet is not predetermined but co-shaped by the 
design and affordances of online platforms (Wright & Street, 2007). 
Consequently, several platform features have been explored for their 
potential to improve online discussions, including the availability of 
information (Gudowsky & Bechthold, 2013), the synchronicity of 
communication (Janssen & Kies, 2005; Strandberg & Berg, 2013), and 
moderation (Stroud et al., 2015; Wright & Street, 2007).

In addition to these approaches, aggregation is a promising design 
feature to foster participation and improve the quality of discussions in 

comment sections. Aggregation involves restructuring discussions by 
summarizing (preliminary) results based on criteria such as arguments, 
opinions, or facts, and presenting these summaries prominently before 
the discussion (Peacock et al., 2019). Drawing on cognitive load theory 
(Sweller, 2010) and the Limited Capacity Model of Motivated Mediated 
Message Processing (Lang, 2000), aggregation can be understood as a 
mechanism that reduces informational complexity of discussions by 
distilling their essence. The effects of aggregation can be linked to 
established frameworks of information overload (Eppler & Mengis, 
2004) and dual-process models of information processing (Chaiken, 
1980; Petty & Cacioppo, 1986), which suggest that simplified yet 
structured information can enhance accessibility for users with varying 
levels of expertise. By abstracting from tone and style, aggregation can 
distill even uncivil contributions into their essential content, thereby 
reducing the visibility of inappropriate content and mitigating potential 
contagion effects (Kim et al., 2021).

Yet whether and how aggregation improves discussions in comment 
sections remains largely underexplored (except Peacock et al., 2019). 
Specifically, little is known about how different types of aggrega
tion—such as summaries of arguments, opinions, or facts—affect users' 
willingness to participate and the quality of their contributions. The 
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present study addresses this gap. Drawing on literature from media 
psychology and deliberation, we propose new mechanisms that link 
aggregation to reduced information overload and enhanced individual 
knowledge, two key factors influencing users' likelihood to comment 
and the quality of their contributions (Banducci et al., 2017; Kwon et al., 
2015; Nematzadeh et al., 2019; Peacock et al., 2019; Ryffel & Wirth, 
2020). Reducing users’ cognitive load and increasing their knowledge 
through structured summaries could thus represent a pivotal interven
tion, particularly in high-volume comment sections where unstructured 
contributions can obscure valuable insights. By incorporating these 
psychological mechanisms into a comprehensive model of discussion 
aggregation effects, this study offers new insights to foster user 
engagement, promote high-quality discussions in comment sections, and 
provide implications for platform design.

2. Deliberation in comment sections

The concept of deliberative quality in online discussions is grounded 
in deliberative democracy, which emphasizes reasoned and respectful 
discourse as a foundation for democratic engagement (Friess et al., 
2021; Habermas, 1996). Deliberation, according to Friess and Eilders 
(2015), refers to a type of communication in which participants ex
change rational arguments, consider diverse perspectives, and aim for 
mutual understanding, reasoned disagreement, or consensus (process 
perspective). Ideally, a deliberative discussion space provides individuals 
with equal opportunities to express their viewpoints while maintaining a 
respectful and civil tone (Habermas, 1992, 1996). A high willingness of 
individuals to participate in the discourse is both a desirable input and a 
valuable outcome of deliberative discussions. It can be seen as a marker 
of inclusivity (Ziegele et al., 2020) as well as of user engagement and 
interactivity with the news (Ksiazek, 2018). Thus, in this study, users’ 
willingness to participate in online discussions (input/outcome 
perspective) and the quality of their comments (process perspective) are 
used as indicators of deliberation.

Regarding these indicators, prior research has highlighted a tension 
between the inclusivity of participation and the quality of deliberation 
in online discussions. On the one hand, broad participation is desirable 
for democratic legitimacy and ensures that diverse perspectives are 
represented. On the other hand, encouraging higher-quality contribu
tions often requires higher discursive standards, which may discourage 
participation, particularly among less confident or less knowledgeable 
users (Mutz, 2006; Stromer-Galley, 2007). This trade-off is central to 
debates on digital deliberation. Prior research has shown that challenges 
arise on both sides of this tension, with deficits in participation quantity 
as well as in the deliberative quality of contributions: only a small 
percentage of users actively participate (Stroud et al., 2016), and many 
discussions frequently lack substantive arguments and are marked by 
incivility (Anderson et al., 2014; Black et al., 2011; Coe et al., 2014; Ruiz 
et al., 2011). These findings are particularly concerning given that 
although few users write comments, far more users read them and form 
opinions based on the content (Ksiazek & Springer, 2018). User com
ments are viewed as a manifestation of social influence (Winter et al., 
2015; Yun & Park, 2011), shaping perceptions of public opinion on 
specific topics (Lee & Jang, 2010), the perceived quality of news 
(Prochazka et al., 2018), and even influencing readers’ commenting 
behavior (Kim et al., 2021; Springer et al., 2015).

Considering the broad readership and potential influence of discus
sions in comment sections, a growing body of research has examined the 
extent and quality of user participation. Influencing factors include the 
degree of deliberativeness and style of news articles (Ziegele et al., 
2020), news factors (Weber, 2014), the nature of topics (Diakopoulos & 
Naaman, 2011; Tenenboim & Cohen, 2015), and the civility and quality 
of the comments posted by others (Cheng et al., 2017). Additionally, 
design features or affordances of social media platforms, such as 
moderation or asynchronous communication, affect both willingness to 
participate and the quality of contributions (Janssen & Kies, 2005; 

Stroud et al., 2015). Among these factors, one promising yet underex
plored design feature is aggregation (Faridani et al., 2010; Gao et al., 
2017), which will be the focus of the next section.

3. Aggregation in comment sections

Although relatively few people write comments, the sheer volume of 
contributions—often hundreds or thousands per article—can become 
overwhelming (Faridani et al., 2010; Llewellyn et al., 2016). This poses 
challenges for maintaining deliberative quality, as not all comments 
contribute equally. Discussions in comment sections often feature a mix 
of constructive and unconstructive contributions due to diverse user 
backgrounds and levels of involvement (Hsu et al., 2009). Many com
ments are repetitive, superficial, or uncivil, increasing volume without 
advancing the discussion (Hargittai et al., 2012). An additional chal
lenge is “reading overload” (Ma et al., 2012, p. 265), which arises when 
users confronted with vast discussions adopt selective reading strategies. 
Rather than engaging broadly, they often focus only on a few salient or 
extreme comments (Faridani et al., 2010), which can distort impressions 
of the debate. Research has shown that such biased reading allows 
polemic, uncivil, or superficial comments to dominate, gain visibility, 
and continue to attract attention, while other valuable insights are 
buried (Hsu et al., 2009). Reading overload also unfavorably shapes user 
attitudes and behaviors, often amplifying polarization, biased impres
sions of public opinion, or incivility (Anderson et al., 2014; Kim et al., 
2021; Prochazka et al., 2018). Improving the conditions under which 
discussions in comment sections are read is therefore crucial not only for 
readers but also for the quality of subsequent user contributions.

To explain why aggregation may affect participation and delibera
tive quality in such contexts, this study draws on established models of 
information processing. Dual-process models distinguish between heu
ristic processing, which relies on simple cues and requires relatively 
little cognitive effort, and systematic processing, which involves deeper 
elaboration of arguments and factual information (Chaiken, 1980; Petty 
& Cacioppo, 1986). Aggregation can be understood as a design feature 
that directly shapes these processing conditions: by structuring and 
condensing information, aggregation may lower cognitive demands and 
facilitate heuristic processing, while at the same time enabling system
atic processing by making central arguments, facts, or viewpoints more 
accessible. The dominating processing mode therefore depends not only 
on users’ motivation, but also on how information is organized and 
presented within the discussion environment.

These assumptions are complemented by limited capacity ap
proaches. This study refers specifically to the Limited Capacity Model of 
Motivated Mediated Message Processing (Lang, 2000), which extends 
general limited capacity models by explicitly incorporating motivational 
factors and by conceptualizing information processing as consisting of 
the subprocesses of encoding, storage, and retrieval. In unstructured 
comment sections, substantial cognitive resources are consumed by 
orientation and selection processes during encoding. Aggregation ex
ternalizes this organizational effort by pre-structuring the discussion, 
thereby freeing capacity for deeper encoding, storage, and retrieval. 
Thus, aggregation reallocates limited cognitive resources from naviga
tion to understanding and deliberative engagement.

Aggregation synthesizes dispersed contributions into concise sum
maries of arguments, facts, or opinions (Faridani et al., 2010; Peacock 
et al., 2019). It can be seen as a design mechanism that may help to 
reconcile the trade-off between inclusivity and deliberative quality 
outlined in the previous section: by lowering cognitive entry barriers 
through reduced information overload, it can foster broader participa
tion, while its structuring and knowledge-activating functions may 
elevate the quality of contributions. Unlike moderation, which enforces 
norms by removing or responding to problematic content (Jhaver et al., 
2019; Matias, 2019; Seering et al., 2017), or threading, which merely 
organizes discussions hierarchically (Backstrom et al., 2013), aggrega
tion reorganizes the informational environment. By condensing and 
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highlighting content, it helps users grasp the core of a debate with less 
time and effort, thereby mitigating overload and improving the 
signal-to-noise ratio of online deliberation systems (Towne & Herbsleb, 
2012). Moreover, because summaries integrate relevant perspectives 
regardless of popularity, they ensure that diverse viewpoints are rep
resented and that substantive content is not buried beneath noise. Prior 
research shows that argument-based summaries can stimulate both the 
quantity and the quality of deliberative engagement (Peacock et al., 
2019), underscoring aggregation's dual role in enhancing accessibility 
for readers and supporting higher-quality contributions from writers.

Against this background, this study explores the psychological 
mechanisms behind the effects of aggregation. Building on the Limited 
Capacity Model of Motivated Mediated Message Processing and dual- 
process models of information processing, we argue that aggregation 
reduces information overload while at the same time enhancing users’ 
subjective and objective knowledge. These mechanisms are expected to 
increase participation and improve comment quality.

Additionally, we analyze the specific effects of different aggregation 
criteria, such as summarizing arguments, opinions, or facts (Llewellyn 
et al., 2016; Peacock et al., 2019). Fig. 1 illustrates the conceptual model 
underlying our study. The labels assigned to the individual phases (e.g., 
information overload, objective knowledge, subjective knowledge) are 
consistently used to structure the formulation of hypotheses and 
research questions in the following sections. This approach is intended 
to improve clarity and orientation by directly linking each hypothesis 
and research question to its respective position in the model. Impor
tantly, we formulate hypotheses where prior theory or empirical evi
dence allow for clear directional assumptions, while research questions 
are used where findings are inconsistent or insufficient.

3.1. Information overload, deliberation, and aggregation

The concept of information overload is closely tied to the limitations 
of human cognitive capacity. Working memory can process only a 
limited amount of information at a time (Miller, 1956; Sweller & 
Chandler, 1994). When information processing demands exceed these 
capacities, individuals experience information overload, which impairs 
their ability to process, store, and recall information effectively (Graf & 
Antoni, 2020). This phenomenon has both quantitative dimensions 
(volume of information) and qualitative dimensions (complexity, am
biguity, and relevance) (Eppler & Mengis, 2004).

In online discussions, these cognitive limitations have direct conse
quences for participation and deliberative quality. Research indicates 
that users experiencing overload are less likely to comment or engage 
constructively (Jones & Rafaeli, 1999; Peacock et al., 2019). During 
periods of low information load, users produce longer, more diverse 
messages, often incorporating questions and direct interactions 

(Nematzadeh et al., 2019). Conversely, high-load conditions result in 
shorter, more stereotypical messages, reduced interaction, and 
increased reliance on emoticons (Jones et al., 2004; Nematzadeh et al., 
2019). This creates a “cacophony” of overlapping voices that un
dermines meaningful communication (Nematzadeh et al., 2019, p. 10). 
Users experiencing overload may also disengage entirely or reduce their 
communication to superficial exchanges (Chen et al., 2009; Jones & 
Rafaeli, 1999).

Aggregation has the potential to alleviate the effects of information 
overload by summarizing and organizing complex discussions into more 
digestible formats (Chen et al., 2009; Faridani et al., 2010). By distilling 
key points and filtering irrelevant details, aggregation reduces cognitive 
burden and helps users focus on the most critical aspects of a discussion. 
While direct empirical evidence in the context of comment sections is 
limited, findings from e-commerce suggest that product summa
ries—such as aggregated reviews—reduce perceived overload (Hu & 
Krishen, 2019; Kwon et al., 2015; Park et al., 2006). We assume that 
these findings are applicable in comment sections.

Beyond reducing volume, aggregation also improves the quality of 
presented information. Low-quality information, characterized by am
biguity, irrelevance, or complexity, exacerbates overload (Hu & Krishen, 
2019; Schneider, 1997). By contrast, high-quality, well-structured in
formation reduces overload by enhancing users’ processing fluency, 
even in large quantities (Sweller, 2010). Aggregation improves the 
“signal-to-noise ratio” (Hargittai et al., 2012, p. 162), making it easier 
for users to process and engage with the content.

In sum, we propose that aggregation increases users’ willingness to 
participate and enhance the deliberative quality of their contributions 
through the reduction of information overload. 

H1.1. Discussion summaries in comment sections reduce users' infor
mation overload.

H1.2. The less information overload users experience in comment 
sections, the higher their willingness to comment.

H1.3. The less information overload users experience in comment 
sections, the higher the deliberative quality of their comments.

H1.4. Discussion summaries in comment sections indirectly increase 
users' willingness to comment via reduced information overload.

H1.5. Discussion summaries in comment sections indirectly increase 
comment quality via reduced information overload.

3.2. Knowledge, deliberation, and aggregation

Knowledge plays a central role in deliberation, influencing both 
users' willingness to participate and the quality of their contributions in 

Fig. 1. Conceptual Model. The figure illustrates the labeling of the different paths that structure our theoretical framework.
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online discussions. Knowledge can be understood along two dimensions: 
factual understanding (objective knowledge) and users' perceived grasp 
of a topic (subjective knowledge) (Flynn & Goldsmith, 1999; Schaefer, 
2022). While objective knowledge involves concrete facts and the ability 
to integrate them meaningfully (Eveland & Hutchens, 2011; In der Au, 
2017), subjective knowledge reflects users' self-assessment of their 
knowledge and confidence to engage (Nelson & Narens, 1990; Rios 
et al., 2017). Although these dimensions often overlap, discrepancies 
may occur, producing phenomena such as the “illusion of knowing,” 
where perceived knowledge outpaces actual understanding (Glenberg 
et al., 1982). Subsequent work in metacognition research has explained 
this discrepancy by pointing to processing fluency: when information 
feels easy to process, individuals often believe they understand it better 
than they actually do (Alter & Oppenheimer, 2009; Bjork et al., 2013; 
Dunning et al., 2003; Koriat, 2012; Kruger & Dunning, 1999). Subjective 
knowledge is often linked to greater willingness to engage in discussions 
(Dalisay et al., 2012; Salmon & Neuwirth, 1990; Schaefer, 2020; 
Schaefer et al., 2022; Schneider et al., 2016). It also enhances users’ 
self-confidence, a critical factor in deciding to contribute to discussions 
(Ran et al., 2016; Rios et al., 2017). Looking at objective knowledge, 
users with a solid factual knowledge face fewer difficulties in forming 
reasoned opinions and well-founded arguments (Shamir, 1997; Weber, 
2014). However, while objective knowledge is commonly seen as a 
prerequisite for engagement (Legrand et al., 2019), its effect is often 
indirect and depends on factors such as topic familiarity or interest 
(Abdulrauf et al., 2017; Kim & Khang, 2014).

Knowledge also plays a critical role in shaping comment quality. 
Users with greater factual knowledge are more likely to provide 
thoughtful and insightful contributions to discussions (Heath & Douglas, 
1990). Similarly, subjective knowledge can motivate users to aim for 
higher-quality contributions, although it does not guarantee adherence 
to deliberative norms (Ran et al., 2016). Discrepancies between sub
jective and objective knowledge may result in overconfidence, poten
tially impeding deliberative quality (Ryffel & Wirth, 2020), although 
this argument is yet to be empirically tested.

Again, we assume that aggregation can enhance both objective and 
subjective knowledge. By organizing and distilling key information, 
aggregation reduces cognitive load, improves information accessibility, 
and increases processing fluency (Banducci et al., 2017; Lang, 2000). 
Higher fluency facilitates the encoding, storage, and retrieval of infor
mation, supporting the acquisition of knowledge (Lang, 2000; Ryffel & 
Wirth, 2020). Additionally, the ease-of-processing heuristic suggests 
that fluently presented information is perceived as more memorable, 
boosting subjective knowledge (Kornell et al., 2011). The enhanced 
fluency of processing aggregated information, however, may also 
exacerbate the gap between objective and subjective knowledge, 
potentially reinforcing the “illusion of knowing” (Ryffel & Wirth, 2020). 
This dynamic underscores the importance of examining both dimensions 
of knowledge.

In sum, based on our review, we propose the following hypotheses 
and research questions regarding direct and indirect effects of aggre
gation on willingness to comment and comment quality via objective 
and subjective knowledge: 

H2.1. Discussion summaries in comment sections increase users' 
objective knowledge. 

RQ2.2: How is users' level of objective knowledge associated with 
their willingness to comment?

H2.3. The higher users' objective knowledge, the higher the delibera
tive quality of their comments. 

RQ2.4: Is there an indirect positive effect of discussion summaries in 
comment sections on users' willingness to comment via objective 
knowledge?

H2.5. Discussion summaries in comment sections indirectly improve 
comment quality via increased objective knowledge.

H3.1. Discussion summaries in comment sections increase users' sub
jective knowledge.

H3.2. The higher users' subjective knowledge, the higher their will
ingness to comment. 

RQ3.3: How is subjective knowledge associated with the deliberative 
quality of comments?

H3.4. Discussion summaries in comment sections indirectly improve 
willingness to comment via increased subjective knowledge. 

RQ3.5: Is there an indirect positive effect of discussion summaries in 
comment sections on comment quality via subjective knowledge?

3.3. Aggregation criteria: facts, arguments, and opinions

Since aggregation in comment sections has rarely been studied or 
implemented, there is limited insight into the effects of different ag
gregation criteria. Previous work has shown that discussions can be 
aggregated based on different criteria, including arguments, facts, or 
opinions (Llewellyn et al., 2016; Peacock et al., 2019). Building on the 
information-processing perspective introduced above, these aggregation 
criteria can be understood as shaping distinct processing conditions by 
emphasizing different types of content and lowering cognitive demands.

Each criterion emphasizes different cognitive and communicative 
functions: facts provide direct access to verifiable information and may 
therefore facilitate objective knowledge acquisition by supporting ac
curate encoding and retrieval (Lang, 2000); arguments present 
competing perspectives, prompting cognitive elaboration and reasoned 
evaluation of trade-offs (Kuhn et al., 1995; Peacock et al., 2019; Petty & 
Cacioppo, 1986); and opinions convey subjective viewpoints and may 
foster identification and emotional resonance, potentially strengthening 
perceived understanding and engagement (Hubler, 2021).

These mechanisms have distinct implications for perceived infor
mation overload. Fact-based summaries may lower overload by offering 
structured access to key knowledge; argument-based summaries may 
increase cognitive complexity but simultaneously stimulate delibera
tion; and opinion-based summaries may simplify participation by 
signaling social cues, even if they are less informationally dense. In this 
sense, the effects of different aggregation criteria can again be under
stood in light of established models of information processing, such as 
the Limited Capacity Model of Motivated Mediated Message Processing 
(Lang, 2000) and dual-process approaches (Chaiken, 1980; Petty & 
Cacioppo, 1986).

These theoretical distinctions also translate into practical consider
ations for platform design. If the aim is to boost factual knowledge, fact- 
based summaries may be preferable; if the goal is to encourage delib
eration, argument-based summaries could be more effective; and if the 
focus is on lowering participation barriers, opinion-based summaries 
might play a stronger role. However, as empirical research on these 
assumptions is sparse, we pose the following research questions: 

RQ4.1: Do aggregated arguments, opinions, and facts differ in their 
effect on users' information overload?
RQ4.2: Do aggregated arguments, opinions, and facts differ in their 
effect on users' objective knowledge?
RQ4.3: Do aggregated arguments, opinions, and facts differ in their 
effect on users' subjective knowledge?
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3.4. Summarizing assumed effects

Up to this point, we have presented several hypotheses and research 
questions regarding the relationships between information overload, 
objective and subjective knowledge, users' willingness to comment, and 
the deliberative quality of their comments. We also argued how dis
cussion aggregation may affect these psychological mechanisms and 
thereby indirectly increase users’ willingness to comment and the 
quality of their contributions. These hypotheses and research questions 
are integrated into the working model shown in Fig. 2. The model adopts 
the same phase labels as illustrated in Fig. 1 and specifies at which stages 
hypotheses (H) and research questions (RQ) were formulated.

4. Method

4.1. Research design and sample

This study was conducted as an online experiment, and we 
acknowledge our moral and professional responsibility to carry out this 
research ethically and responsibly. Participation was voluntary, and 
informed consent was obtained from all individual participants included 
in this study. The study fully complied with German legal standards and 
the European General Data Protection Regulation (GDPR/DSGVO), as 
well as established research ethics guidelines for empirical social 
research.

The ethical approval was waived by the Ethics Committee of the Arts 
and Humanities Faculty at Heinrich-Heine-Universität Düsseldorf, in 
accordance with German Research Foundation (DFG) guidelines.

In 2023, we recruited participants for a single-factor, between-sub
jects, web-based experiment via an external panel provider, resulting in 
a total sample of N = 670 participants. Participants who did not pass a 
quality check—asking them to select a specific response option—were 
excluded. The final sample consisted of n = 643 participants. All par
ticipants were residents of Germany and completed the study in German, 
situating the experiment within the context of the German political and 
media system.

The final sample included 48 percent female participants, with a 
mean age of 50 years (SD = 14.58). Twenty-five percent had obtained a 
university entrance diploma, and 33 percent held an academic degree. 
Half of the participants completed the survey on a computer (laptop or 
desktop PC), and the other half on a mobile device (smartphone or 
tablet).

4.2. Procedure and stimulus material

After providing informed consent, participants completed socio
demographic questions and reported their opinion on cannabis legali
zation before being randomly assigned to one of four versions of an 
online discussion. The study was completed in a fixed sequence within a 
single online session.

We selected cannabis legalization as the topic because it had received 
sufficient media attention during the data collection period to ensure 
familiarity, while not being so extensively covered that participants 
already possessed deep knowledge. This approach intended to avoid 
floor or ceiling effects related to knowledge (Uttl, 2005; Wang et al., 
2008). In addition, the topic was assumed to be sufficiently controversial 
to engage participants both cognitively and emotionally and to motivate 
them to comment but not so polarizing as to make them unreceptive to 
opposing arguments, facts, or opinions.

In three groups, the discussion was preceded by an aggregated 
summary. To achieve balanced group sizes for the main comparison of 
aggregation versus no aggregation, the control group without a sum
mary was intentionally over-recruited to about three times its size. This 
resulted in roughly equal numbers of respondents with and without a 
summary, a strategy recommended for maximizing statistical power in 
two-group designs (Campbell et al., 1995). Within the aggregation 
condition, participants were evenly distributed across the three criter
ia—arguments, opinions, and facts—so that each subgroup was of 
comparable size while the discussion content remained identical across 
all groups.

All participants viewed a fictitious social media post on cannabis 
legalization. The post consisted of an image, a caption, a teaser text, a 
user discussion including 40 comments comprising a total of 1182 words 
of substantive comment text (approximately 30 words per comment on 
average), and, depending on the experimental condition, a discussion 
summary. This word count refers exclusively to the comment text and 
excludes aggregation, usernames, and other non-content elements. The 
comments were original user contributions posted on Facebook in 
response to an article by a nationwide news outlet. To ensure ethical 
compliance, only the text of these publicly accessible comments was 
used. They were manually transcribed rather than automatically 
crawled, and all personally identifying information (e.g., names, profile 
pictures, links) was removed. Where necessary, comments were slightly 
paraphrased or adjusted (e.g., adding sources or figures) to enable 
realistic aggregation while ensuring de-identification of the material and 
preventing identification of original authors by study participants.

Aggregation was operationalized by synthesizing recurring argu
ments, opinions, and facts from the original discussion into summaries 

Fig. 2. Assumed Effects Model of Discussion Aggregation. The figure illustrates the assumed relationships between aggregation (based on different criteria), perceived 
information overload, objective and subjective knowledge, users' willingness to comment, and the deliberative quality of their comments. Solid arrows indicate direct 
effects, while dashed arrows represent indirect effects.
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that were prominently positioned before the actual discussion (for an 
example, see Fig. 3).

In the “aggregated arguments condition”, the summary included six 
recurring arguments on cannabis legalization from the discussion (three 
pro and three con arguments). For instance, a pro argument stated that 
tobacco and alcohol are legal despite being more harmful than cannabis, 
while a con argument emphasized the potential health risks, such as 
psychosis.

In the “aggregated facts condition”, six recurring facts were sum
marized. Three facts supported legalization (e.g., 74,000 deaths annu
ally in Germany from alcohol, 127,000 from tobacco, and none directly 
from cannabis), while three opposed it (e.g., experts claim cannabis 
triples the risk of psychosis and can harm young people's brains). In our 
experiment, arguments and facts conveyed similar information in 

different formats: arguments were explicitly labeled as pro or con ac
cording to their position, while facts included references to figures or 
experts. Opinions, in contrast, reflect subjective stances that cannot be 
directly tied to specific arguments or facts. In the “aggregated opinions 
condition”, seven recurring opinions ranging from pro to neutral to con 
were included, such as “Cannabis should only be legalized under strict 
regulations” or “Cannabis should not be legalized”.

During the initial exposure to the stimulus, participants were 
required to view the discussion for at least 45 s before they could pro
ceed. After this minimum exposure time, they were free to spend as 
much time as they wished reviewing the stimulus before continuing. 
Participants could not return to the stimulus during subsequent ques
tionnaire sections. On average, participants spent between 3.4 and 5.6 
min viewing the stimulus, depending on condition (control group: M =

Fig. 3. Translated Treatment-Excerpts: “Aggregation: Arguments” and “No Aggregation”. The left panel shows the “aggregated arguments condition”, where a 
summary of three arguments in favor of and three against cannabis legalization precedes the user comments. The right panel displays the “no aggregation control 
condition”, in which users only see the same discussion thread without a preceding summary. Both treatments are based on the same mock news post and comment 
section. Importantly, the original stimuli contained 40 comments in all conditions.
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4.5 min, SD = 5.9; argument-based aggregation: M = 3.4 min, SD = 2.8; 
opinion-based aggregation: M = 5.6 min, SD = 11.7; fact-based aggre
gation: M = 4.7 min, SD = 8.2).

Prior to the main study, we conducted a pretest (N = 151, effective 
sample sizes ranged from n = 148 to n = 149 due to missing values) to 
ensure that the stimulus material was perceived as intended. The pretest 
was conducted with an independent sample, and none of the pretest 
participants took part in the main experiment. Participants in the pooled 
aggregation groups rated the stimuli as significantly better structured, F 
(1, 146) = 20.49, p < .001, η2 = .12 (4 items, 7-point scale, α = .94), 
more informative, F (1, 147) = 12.19, p < .001, η2 = .08 (4 items, 7- 
point scale, α = .93), and easier to comprehend, F (1, 147) = 12.86, p 
< .001, η2 = .08 (4 items, 7-point scale, α = .93), compared to the “no 
aggregation group”. As expected, no significant differences were 
observed in participants’ overall liking of the design, F (1, 146) = .02, p 
= .882, η2 = .00 (3 items, α = .94), or in how realistic they found the 
stimulus, F (1, 147) = 2.26, p = .135, η2 = .02 (3 items, α = .82). Details 
are reported in Table A1.1 in the appendix. Additionally, Table A1.2 in 
the appendix compares the three types of aggregated summaries (fact-, 
argument-, and opinion-based). The results demonstrate that they were 
rated similarly in terms of structure, informativeness, comprehensi
bility, design, and realism. This confirms that the manipulation differed 
only along the intended dimension, namely the type of information 
provided.

In the main study, after viewing the stimulus material, participants 
first completed an attention check assessing whether a discussion sum
mary was present and, if applicable, which aggregation criterion (ar
guments, facts, or opinions) had been emphasized. Subsequently, 
participants responded to questions measuring perceived information 
overload as well as subjective and objective knowledge. The order of 
these measures was randomized.

After completing these measures, participants reported their will
ingness to comment. Immediately afterwards, they were prompted to 
write a comment. For this task, the full stimulus material (including the 
discussion and, where applicable, the aggregation summary) was dis
played a second time, together with an open text field located below the 
comments. The input field did not visually replicate a specific platform 
interface. Importantly, participants were not required to write a 
comment and could skip this task and proceed with the survey. Finally, 
participants indicated how many of the displayed comments they had 
read, were given the opportunity to leave open-ended remarks, and 
completed the study with a debriefing.

The average completion time was 13.5 min (SD = 5.2 min), and there 
were no upper time limits for any section apart from the minimum 
exposure time during initial stimulus presentation.

In sum, we aimed to ensure internal and external validity. Regarding 
external validity, the stimuli were designed to resemble real discussions, 
using mostly original comments. Results of the pretest indicate that 
participants generally perceived the content as realistic (M = 5.39, SD =
1.46, 7-point scale) and authentic (M = 5.55, SD = 1.45, 7-point scale), 
and stated that they would expect to encounter a similar display on a 
real website (M = 5.17, SD = 1.61, 7-point scale).

4.3. Measures

Unless noted otherwise, all variables were measured on seven-point 
scales ranging from “1 = I do not agree at all” to “7 = I fully agree”.

4.3.1. Information overload
Perceived information overload was measured with nine items (α =

.88), for example “There was too much information”. The scale was 
based on previous research (Hu & Krishen, 2019; Kwon et al., 2015) and 
supplemented with additional items reflecting the qualitative dimension 
of information overload (e.g., “The information was too complex”) (Graf 
& Antoni, 2020; Park et al., 2006).

4.3.2. Objective knowledge
Participants' factual knowledge was assessed with five statements to 

be judged as true, false, or “I don't know” (e.g., “Stretched cannabis often 
contains heroin”). All answers to these statements were available in each 
stimulus, but accessibility varied by condition: fact-based summaries 
provided some answers explicitly, argument-based summaries conveyed 
them more indirectly, and in the opinion-based and no-aggregation 
conditions, participants had to extract the information from the full 
set of comments. Each question had a 15-s response limit; unanswered 
items were automatically skipped and coded as missing values to pre
vent participants from looking up answers.

4.3.3. Subjective knowledge
Subjective knowledge was measured with an eight-item scale (α =

.87) adapted from prior research (Schaefer et al., 2022). Items captured 
both general knowledge (e.g., “I know quite a lot about the legalization 
of cannabis”) and stimulus-related knowledge (e.g., “The user discussion 
has made me feel well-informed about cannabis legalization”).

4.3.4. Willingness to comment
Willingness to comment was measured with an 11-point scale. Par

ticipants rated how likely they would be to contribute a comment if they 
encountered the discussion online (0 = not at all likely, 10 = very 
likely). We deliberately used a wider response range to capture subtle 
differences in behavioral intention, given that willingness to join public 
online discussions is generally low. Prior research suggests that 11-point 
scales provide higher sensitivity and can enhance differentiation in self- 
report measures (Lim, 2008).

4.3.5. Comment quality
Of the valid cases (n = 643), 86 percent (n = 553) of respondents 

posted a comment. After excluding spam (3 %), 537 comments remained 
and were analyzed for deliberative quality. We applied quantitative 
content analysis along four dimensions (Ziegele et al., 2020; Stroud 
et al., 2015): rationality (5 items, e.g., topic relevance, argument), 
reciprocity (2 items, e.g., reference to individual users, reference to all 
users), civility (9 items, e.g., explicit respect, absence of insults), 
expressive communication (5 items, e.g., positive emotions, storytell
ing). Intracoder reliability was calculated with ReCal (Freelon, 2013) 
using Krippendorff's α and was good to excellent across variables 
(.83–1.00), based on 65 coded comments. For intercoder reliability, a 
trained student assistant independently coded the same 65 comments. 
Krippendorff's α values were acceptable for most categories (.71–1.00), 
except for sarcasm, which reached only .66. Details are provided in 
Tables A2 and A3 in the appendix.

The four dimensions were combined into a weighted additive index 
(similar to Friess et al., 2021) ranging from 0 (“not at all deliberative”) 
to 4 (“highly deliberative”). Each dimension contributed equally to the 
overall score. To achieve this balance, the variables within dimensions 
were weighted to account for differences in the number of items (e.g., 5 
for rationality, 2 for reciprocity).

4.3.6. Control variables
Participants’ age, sex, education, and political orientation were 

recorded at the beginning of the questionnaire. Opinions on cannabis 
legalization were assessed with a three-item scale (e.g., “The use of 
cannabis poses a high health risk”; α = .85). Participants also indicated 
how many of the displayed comments they had read, with response 
options ranging from “I read all of the comments” to “I did not read any 
comments.”

4.3.7. Attention check
Participants were asked whether the discussion they had just read 

was preceded by a summary. If they answered “yes”, they were asked 
according to which criterion—arguments, opinions, or facts—the dis
cussion was aggregated. In addition, participants indicated the extent to 
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which they agreed that a) arguments, b) opinions, or c) facts had been 
summarized under the article preview.

4.4. Statistical analysis

We conducted mediation analyses using PROCESS (Hayes, 2021) in 
IBM SPSS 29. PROCESS applies the ordinary least squares method and 
calculates both standardized and unstandardized path coefficients for 
the total and direct effects, as well as unstandardized path coefficients 
for the indirect effects. All variables were entered into the analyses using 
their original scale metrics. No rescaling or standardization of the 
7-point and 11-point measures was applied prior to analysis. To facili
tate interpretation across differently scaled variables, standardized 
regression coefficients (β) are reported alongside unstandardized 
estimates.

Bootstrapping with 5000 iterations and heteroscedasticity-consistent 
standard errors was applied (Davidson & MacKinnon, 1993). Indirect 
effects were considered significant if the confidence interval did not 
include zero.

Cases with missing values on the relevant variables were excluded 
listwise from the respective analyses. For objective knowledge, 32 par
ticipants had to be excluded, possibly due to time constraints in 
completing the respective items. For comment quality, 106 participants 
were excluded because they chose not to provide a comment or because 
their comment was classified as spam. Spam was defined as responses 
that contained no identifiable or interpretable content (e.g., single 
characters, nonsensical strings like xxxxaaa232, test entries, or irrele
vant filler text), as well as comments in which participants merely stated 
that they did not wish to write a comment.

No missing data occurred for the other constructs and variables.
To assess whether exclusions were systematically related to experi

mental conditions, we conducted chi-square tests aligned with the 
analytical strategy of the study. For the comparison between aggrega
tion and no aggregation, exclusion due to missing objective knowledge 
did not differ between conditions, χ2 (1) = .81, p = .369, V = .04, nor did 
exclusion from comment quality analyses, χ2 (1) = 2.05, p = .152, V =
.06. Within the aggregation conditions, exclusions were also not asso
ciated with aggregation type for objective knowledge, χ2 (2) = 2.11, p =
.349, V = .08, or comment quality, χ2 (2) = 5.39, p = .068, V = .13. 
These results indicate that excluded cases were not systematically 
concentrated in specific conditions.

5. Results

5.1. Preliminary analyses

5.1.1. Attention check
Most participants correctly identified whether they had been 

exposed to a discussion summary. A chi-square test showed a significant 
association between group membership and participants’ reports of 
receiving a summary (see Table 1).

To examine whether participants recognized which criterion had 
been used to summarize the discussion, we conducted single-factor be
tween-subjects analyses of variance, followed by post-hoc tests (see 
Table 2). Results indicate that participants accurately recognized 
opinion aggregation, but had difficulties distinguishing arguments and 
facts. This pattern likely reflects the conceptual overlap between factual 
and argumentative content in real-world discussions, which makes 
perfect separation difficult. Still, even where differences were not sta
tistically significant, the strongest associations tended to occur in the 
theoretically expected direction, with the intended criterion being rated 
highest.

5.1.2. Randomization checks
There were no significant differences between the aggregation 

groups and the no aggregation group in terms of their political left-right 

orientation, F (1, 641) = .03, p = .855, η2 = .00, gender, χ2 (1) = .36, p =
.547, V = .02, or education level, χ2 (3) = 3.40, p = .335, V = .07, as 
determined by ANOVAs or chi-square tests, depending on the level of 
measurement. A similar analysis for the individual aggregation criteria 
again revealed no significant differences for age, F (2, 308) = .06, p =
.944, η2 = .00, political left-right orientation, F (2, 308) = 1.76, p = .174, 
η2 = .01, gender, χ2 (2) = .59, p = .745, V = .04, or education level, χ2 

(6) = 11.91, p = .064, V = .07.
Details regarding the randomization checks are provided in the Ap

pendix (Tables A4 to A9).

5.2. Hypotheses testing

5.2.1. Information overload
Detailed results, including all relevant coefficients, are reported in 

Tables 3 and 4. As predicted, participants who experienced less infor
mation overload were more likely to comment (H1.2) and wrote higher- 
quality comments (H1.3). Regarding the effects of aggregation, partic
ipants who received discussion summaries reported significantly less 
information overload than those who did not, supporting H1.1. The 
mediation hypotheses proposing indirect effects of discussion sum
maries on willingness to comment (H1.4) and comment quality (H1.5) 
via information overload were also supported.

5.2.2. Knowledge
Detailed results are reported in Tables 5–8. RQ2.2, which asked 

about the association between users’ objective knowledge and their 
willingness to comment, showed no significant association between the 
two variables. Supporting H3.2, participants with higher subjective 
knowledge were more willing to comment. Additionally, participants 
with higher objective knowledge wrote comments of higher deliberative 
quality, supporting H2.3. Similarly, higher subjective knowledge was 
associated with a better deliberative quality in comments, addressing 
RQ3.3.

Regarding the effects of aggregation, hypotheses H2.1 and H3.1 were 
also supported: participants who received discussion summaries 
demonstrated higher objective knowledge and perceived themselves to 
be more knowledgeable than those who did not receive a summary.

The effect of discussion summaries on willingness to comment was 
fully transmitted via subjective knowledge: the indirect effect was sig
nificant, whereas the direct effect was no longer significant once sub
jective knowledge was included in the model, supporting H3.4. In 
addition, we found indirect effects of discussion summaries on comment 
quality via both objective knowledge (H2.5) and subjective knowledge 
(RQ3.5). By contrast, no indirect effect was observed on willingness to 
comment via objective knowledge (RQ2.4).

Table 1 
Attention Check: Perception of Aggregation (No aggregation/Aggregation).

No 
aggregation n 
= 332

Aggregation 
n = 311

Chi-square test

n (%) n (%) χ2 df p V

144.86 2 <.001 .48

Perception of 
no 
aggregation

246 (74.1) 85 (27.3) ​ ​ ​ ​

Perception of 
aggregation

72 (21.7) 209 (67.2) ​

No perception 
(I don't 
know)

14 (4.2) 17 (5.5) ​

Note. Column percentages. n = absolute frequency, % = relative frequency, χ2 =

Chi-square, df = degrees of freedom, p = significance level, V = Cramer's V.
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5.3. The effects of different aggregation criteria

We further investigated whether aggregation criteria differ in their 
effects on information overload, objective knowledge, and subjective 
knowledge. Overall, Table 9 indicates that aggregation criteria made 
little difference for information overload and subjective knowledge, but 
differed for objective knowledge. Specifically, objective knowledge was 
highest when the discussion was summarized based on central facts.

This finding aligns with the design rationale: fact-based summaries 
foregrounded several testable facts, whereas argument-based summaries 
referenced them more indirectly, and opinion-based summaries did not 
enhance accessibility relative to the control. The fact condition therefore 
provides a strong test of accessibility effects, while the other two con
ditions suggest that the potential benefits of aggregation may also result 
from improved processing rather than salience alone.

6. Discussion

This study investigated how and why aggregation in the form of 
discussion summaries influences user behavior in comment sections. 
Drawing on research in deliberation and media psychology, we devel
oped a working model explaining how aggregation affects users’ will
ingness to comment and the deliberative quality of their contributions 
via reductions in perceived information overload and increases in 
objective and subjective knowledge. Data from an online experiment 

supported most of our hypotheses. In the following, we discuss our 
findings in relation to theoretical and empirical work.

First, a reduction in perceived information overload was associated 
with both greater willingness to comment and higher comment quality. 
By decreasing the cognitive effort required to process large amounts of 
unstructured information, summaries enabled participants to engage 
more effectively in comment sections. Lower cognitive load freed up 
mental resources that could be directed toward formulating more 
thoughtful comments. This aligns with prior work showing that cogni
tive overload undermines engagement and contribution quality (e.g., 
Jones et al., 2004; Nematzadeh et al., 2019). From a practical perspec
tive, our findings suggest that aggregation can increase both user ac
tivity and the quality of their contributions, potentially easing the 
burden on moderators to manage inappropriate content.

Second, objective knowledge was mainly linked to higher comment 
quality: participants with stronger factual understanding produced more 
thoughtful and well-reasoned contributions, corroborating earlier find
ings (Edwards et al., 2008). Consistent with prior research (Schaefer 
et al., 2022), however, objective knowledge did not directly predict 
willingness to comment. This suggests that factual knowledge is not a 
primary driver of participation, but when users do contribute, it enables 
them to provide more substantiated comments. Subjective knowledge, 
in contrast, was positively associated with both outcomes. Participants 
who perceived themselves as knowledgeable were more likely to 
engage, potentially driven by their confidence in their understanding of 

Table 2 
Attention check: Perception of aggregation criteria.

Arguments n = 60 Opinions n = 80 Facts n = 69 ANOVA

M (SD) M (SD) M (SD) F (df1, df2) p η2

Perception of arguments 5.12 (1.83) 4.43 (2.13) 4.45 (2.01) 2.46 (2, 206) .088 .01
Perception of opinions1 4.78 (2.07)a 5.79 (1.55)b 4.67 (1.98)a 9.27 (2, 125.54) <.001 .07
Perception of facts1 4.92 (1.93)b 4.24 (2.14)a 5.01 (1.74)b 3.30 (2, 134.09) <.05 .03

Note. M = Mean, SD = Standard Deviation, p = significance level, η2 = Eta-Squared. Scale from 1 to 7. Groups without a common letter significantly differ from each 
other according to Games-Howell post-hoc tests (p < .05).
1 Due to a significant Levene's test, Welch tests and Games-Howell post-hoc tests (p < .05) are reported.

Table 3 
Mediation analysis: Information overload – willingness to comment.

R2 b SE 
(HC3)

β t p

Outcome: 
Information 
overload

.007 ​ ​ ​ ​ ​

Constant ​ 3.43 .07 ​ 49.75 <.001
Aggregation (path 

a)
​ − .21 .10 − .17 − 2.12 .035

Outcome: Willingness 
to comment

.029 ​ ​ ​ ​ ​

Constant ​ 3.34 .39 ​ 8.61 <.001
Aggregation (path 

c’)
​ .48 .24 .16 2.03 .043

Information 
overload (path b)

​ − .34 .10 − .14 − 3.53 <.001

​ ​ ​ Effect BOOT 
SE

LB 95% 
CI

UB 95% 
CI

Indirect effect (a ×
b)

​ ​ .07 .04 .003 .17

Note. n = 643. b = unstandardized regression coefficient, SE (HC3) = hetero
scedasticity-consistent standard error (Davidson & MacKinnon, 1993), β =
standardized regression coefficient, p = significance level; BOOT SE = bootstrap 
standard error, CI = confidence interval, LB = lower bound, UB = upper bound, 
95% confidence level.

Table 4 
Mediation analysis: Information overload – comment quality.

R2 b SE 
(HC3)

β t p

Outcome: 
Information 
overload

.008 ​ ​ ​ ​ ​

Constant ​ 3.40 .07 ​ 45.93 <.001
Aggregation (path 

a)
​ − .23 .11 − .18 − 2.09 .038

Outcome: Comment 
quality

.031 ​ ​ ​ ​ ​

Constant ​ 1.26 .03 ​ 37.76 <.001
Aggregation (path 

c’)
​ .05 .02 .23 2.65 .008

Information 
overload (path b)

​ − .02 .01 − .12 − 2.55 .011

​ ​ ​ Effect BOOT 
SE

LB 95% 
CI

UB 95% 
CI

Indirect effect (a ×
b)

​ ​ .01 .00 .0001 .01

Note. n = 537. b = unstandardized regression coefficient, SE (HC3) = hetero
scedasticity-consistent standard error (Davidson & MacKinnon, 1993), β =
standardized regression coefficient, p = significance level; BOOT SE = bootstrap 
standard error, CI = confidence interval, LB = lower bound, UB = upper bound, 
95% confidence level.
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the topic (Ran et al., 2016; Rios et al., 2017). These findings imply that 
perceptions of knowledge often influence behavior more directly than 
actual knowledge. This resonates with metacognition research on “il
lusions of knowing,” which shows that fluency can increase perceived 
understanding even when factual knowledge remains unchanged (Bjork 
et al., 2013; Dunning et al., 2003; Kruger & Dunning, 1999). Aggrega
tion may therefore promote participation by boosting users’ subjective 
confidence. Interestingly, in our study, this increase in subjective 
knowledge was not associated with lower, but with higher comment 

quality. This suggests that subjective knowledge generated through 
aggregation may differ from superficial confidence gained through 
minimal cues such as headline reading (Schaefer et al., 2022). While 
promising, this distinction needs to be tested in further contexts to assess 
whether aggregation reliably produces beneficial forms of subjective 
knowledge.

Our observation that aggregation reduces overload while enhancing 
knowledge can be attributed to reduced cognitive load and increased 

Table 5 
Mediation analysis: Objective knowledge – willingness to comment.

R2 b SE 
(HC3)

β t p

Outcome: Objective 
knowledge

.024 ​ ​ ​ ​ ​

Constant ​ 3.21 .06 ​ 50.20 <.001
Aggregation (path a) ​ .35 .09 .31 3.89 <.001

Outcome: Willingness 
to comment

.013 ​ ​ ​ ​ ​

Constant ​ 1.76 .38 ​ 4.61 <.001
Aggregation (path 

c’)
​ .61 .25 .20 2.46 .014

Objective 
knowledge (path 
b)

​ .12 .11 .04 1.06 .289

​ ​ ​ Effect BOOT 
SE

LB 95% 
CI

UB 95% 
CI

Indirect effect (a ×
b)

​ ​ .04 .04 − .03 .13

Note. n = 611. b = unstandardized regression coefficient, SE (HC3) = hetero
scedasticity-consistent standard error (Davidson & MacKinnon, 1993), β =
standardized regression coefficient, p = significance level; BOOT SE = bootstrap 
standard error, CI = confidence interval, LB = lower bound, UB = upper bound, 
95% confidence level.

Table 6 
Mediation analysis: Objective knowledge – comment quality.

R2 b SE 
(HC3)

β t p

Outcome: Objective 
knowledge

.022 ​ ​ ​ ​ ​

Constant ​ 3.27 .07 ​ 47.73 <.001
Aggregation (path 

a)
​ .32 .10 .29 3.36 <.001

Outcome: Comment 
quality

.028 ​ ​ ​ ​ ​

Constant ​ 1.12 .03 ​ 37.83 <.001
Aggregation (path 

c’)
​ .05 .02 .24 2.69 .007

Objective 
knowledge (path 
b)

​ .02 .01 .10 2.22 .018

​ ​ ​ Effect BOOT 
SE

LB 95% 
CI

UB 95% 
CI

Indirect effect (a ×
b)

​ ​ .01 .00 .001 .02

Note. n = 512. b = unstandardized regression coefficient, SE (HC3) = hetero
scedasticity-consistent standard error (Davidson & MacKinnon, 1993), β =
standardized regression coefficient, p = significance level; BOOT SE = bootstrap 
standard error, CI = confidence interval, LB = lower bound, UB = upper bound, 
95% confidence level.

Table 7 
Mediation analysis: Subjective knowledge – willingness to comment.

R2 b SE 
(HC3)

β t p

Outcome: Subjective 
knowledge

.015 ​ ​ ​ ​ ​

Constant ​ 3.79 .07 ​ 55.40 <.001
Aggregation (path 

a)
​ .30 .10 .24 3.08 .002

Outcome: 
Willingness to 
comment

.148 ​ ​ ​ ​ ​

Constant ​ − 1.34 .38 ​ − 3.54 <.001
Aggregation (path 

c’)
​ .28 .22 .09 1.26 .208

Subjective 
knowledge (path 
b)

​ .92 .10 .38 9.10 <.001

​ ​ ​ Effect BOOT 
SE

LB 95% 
CI

UB 
95% CI

Indirect effect (a ×
b)

​ ​ .27 .09 .10 .47

Note. n = 643. b = unstandardized regression coefficient, SE (HC3) = hetero
scedasticity-consistent standard error (Davidson & MacKinnon, 1993), β =
standardized regression coefficient, p = significance level; BOOT SE = bootstrap 
standard error, CI = confidence interval, LB = lower bound, UB = upper bound, 
95% confidence level.

Table 8 
Mediation analysis: Subjective knowledge – comment quality.

R2 b SE 
(HC3)

β t p

Outcome: Subjective 
knowledge

.011 ​ ​ ​ ​ ​

Constant ​ 3.85 .07 ​ 51.75 <.001
Aggregation (path a) ​ .26 .11 .21 2.45 .015

Outcome: Comment 
quality

.048 ​ ​ ​ ​ ​

Constant ​ 1.06 .03 ​ 31.78 <.001
Aggregation (path 

c’)
​ .05 .02 .22 2.52 .012

Subjective 
knowledge (path 
b)

​ .03 .01 .18 3.84 <.001

​ ​ ​ Effect BOOT 
SE

LB 95% 
CI

UB 95% 
CI

Indirect effect (a ×
b)

​ ​ .01 .00 .002 .02

Note. n = 537. b = unstandardized regression coefficient, SE (HC3) = hetero
scedasticity-consistent standard error (Davidson & MacKinnon, 1993), β =
standardized regression coefficient, p = significance level; BOOT SE = bootstrap 
standard error, CI = confidence interval, LB = lower bound, UB = upper bound, 
95% confidence level.
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processing fluency. Summaries manage complexity by making content 
more accessible in terms of both volume and difficulty (Lang, 2000; 
Ryffel & Wirth, 2020; Sweller, 2010). Our pretest data support this 
interpretation: participants who received a summary rated the discus
sion as more structured, clearer, and easier to navigate. Improved or
ganization likely contributed to both lower cognitive load and greater 
fluency (Ryffel & Wirth, 2020; Sweller, 2010). According to the Limited 
Capacity Model of Motivated Mediated Message Processing, this freed 
cognitive resources for storage and retrieval (Lang, 2000). Thus, sum
maries enhanced both subjective and objective knowledge (Banducci 
et al., 2017; Schaefer, 2022).

Interestingly, our findings challenge the assumption that reduced 
overload results from reading fewer comments (e.g., Kwon et al., 2015). 
A subsequent analysis shows no significant difference in the number of 
comments read between conditions, χ2 (4) = 3.43, p = .489, V = .07. 
Instead, summaries appear to improve the efficiency of processing large 
volumes of information, helping users navigate “crowded” discussions 
without feeling overwhelmed, suggesting that reduced overload is 
driven by better cognitive management rather than reduced exposure to 
information.

The type of aggregation criterion did not significantly affect infor
mation overload or subjective knowledge. For platform design, this 
suggests that the choice of aggregating around facts, arguments, or 
opinions may not be decisive for these outcomes. By contrast, we 
observed an effect notable for objective knowledge: participants' factual 
knowledge increased most when the discussion was summarized based 
on facts. This advantage likely stems from the more direct and detailed 
presentation of factual information, which facilitated encoding and 
retrieval processes. Argument-based summaries referenced factual 
content more indirectly, while opinion-based summaries did not 
enhance accessibility relative to the control condition. Importantly, as 
shown in Section 5.2, aggregation as a whole—regardless of criter
ion—significantly improved subjective knowledge and reduced infor
mation overload compared to the no-aggregation condition. This 
indicates that while fact-based summaries are particularly effective for 
factual knowledge acquisition, all three formats provide comparable 
benefits when it comes to reducing cognitive strain and fostering users’ 
perceived understanding.

Taken together, our findings contribute to theoretical debates on 
online deliberation by showing how aggregation in comment sections 
can both reduce cognitive strain and enhance deliberative confidence. 
At the same time, they highlight that even low-effort design in
terventions can have meaningful effects on user engagement and 
comment quality, pointing to a promising pathway for scalable imple
mentation through human- and AI-based summarization.

6.1. Limitations

Despite the insights provided in this study, several limitations should 
be noted. First, the observed effects, although statistically significant, 
were small. This may reflect the complexity of factors influencing both 
the mediators and dependent variables. In addition, the discussion 
summaries represented only a minor part of the overall stimuli, which 
included a headline, image, teaser, and 40 user comments. Nevertheless, 

these modest effects are meaningful given the low-effort nature of the 
intervention (brief exposure to a short summary) and the complexity of 
the targeted outcomes. Even small shifts in willingness or quality can 
scale to substantial differences in large comment sections. As one of the 
first experimental studies on aggregation in comment sections, our work 
thus provides a foundation for examining how interface-level in
terventions shape deliberative discourse.

Second, our manipulation of aggregation versus no aggregation did 
not fully isolate the structural effect of summarization from the effect of 
providing additional information. Participants in the aggregation con
ditions received an extra text element (the summary), while the control 
group did not. This mirrors how aggregation is typically implemented on 
platforms (e.g., Peacock et al., 2019), but it also means that some of the 
observed effects—particularly for knowledge—may reflect information 
volume rather than structure alone. Future studies should therefore 
include control conditions with unstructured or randomly selected 
content to disentangle these effects. A related issue concerns objective 
knowledge: although all items appeared in the full set of comments, 
their salience varied across aggregation types. Fact-based summaries 
explicitly highlighted several items, whereas argument- and 
opinion-based summaries did not increase accessibility to the same 
extent. This may constrain comparability across conditions, even though 
it reflects the practical functioning of aggregation, which is designed to 
surface key points.

Third, the applicability of our results may depend on the issue under 
discussion. Cannabis legalization is a topic with relatively clear pro and 
con positions, which may have made it easier for participants to process 
information and articulate their views. Other issues may be more com
plex or less reducible to dichotomous positions, which could change how 
aggregation operates and alter its effects.

Fourth, some participants had difficulty distinguishing between the 
aggregation criteria (facts, arguments, opinions). This may reflect the 
conceptual overlap of these categories in real-world discussions and the 
limited salience of distinctions in our stimuli. At the same time, the 
between-condition effects consistently aligned with theoretical expec
tations, and participants rated the intended criterion highest in most 
cases. This suggests that, although the distinctions may not have been as 
salient as intended, participants likely perceived contrasts between the 
formats that, due to the small group sizes, may not have reached suffi
cient statistical power to achieve significance. Future studies may use 
more distinct or stylized summary formats to sharpen these contrasts.

Fifth, the experimental design carries limitations for external val
idity. Participants were prompted to write a comment after indicating 
their willingness, but they could also skip this task. While this encour
aged engagement, it may not fully capture natural commenting 
behavior. Moreover, the absence of direct interaction with other users 
may have affected comment quality. Prompting may also have induced 
some participants to comment who would not have done so in a real 
setting. In practice, online discussions are shaped by self-selection, 
which our design cannot fully replicate. In addition, the study was 
conducted within the German political and media context. Norms of 
political participation, commenting behavior, and deliberative expec
tations may differ across countries and media systems, which may limit 
the generalizability of the findings beyond this national context.

Table 9 
Effect of aggregation criteria on the mediators.

Arguments n = 100 Opinions n = 105 Facts n = 106 ANOVA

M (SD) M (SD) M (SD) F (df1, df2) p η2

Information overload 3.18 (1.27) 3.26 (1.28) 3.20 (1.31) .12 (2, 308) .887 .00
Objective knowledgec 3.40 (.99)a 3.20 (1.07)a 4.06 (.94)b 20.09 (2, 295) <.001 .12
Subjective knowledge 4.20 (1.17) 3.91 (1.25) 4.15 (1.15) 1.77 (2, 308) .127 .01

Note. M = Mean, SD = Standard Deviation, η2 = Eta-squared, p = significance level. Scale from 1 to 7. Groups without a common letter significantly differ from each 
other (p < .001).
cVarying sample size: Arguments: n = 95, Opinions: n = 103, Facts: n = 100. Different scale: 0 to 5.
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Sixth, potential biases in measurement should be acknowledged. 
Subjective knowledge was assessed with self-report items, which may be 
prone to social desirability or response inflation. Commenting behavior 
and perceptions of overload may also have been influenced by task 
framing or the awareness of being studied (i.e., Hawthorne effects). A 
further limitation is that willingness to comment was measured on an 
11-point scale, whereas most other constructs used 7-point scales. 
Although this choice was intentional to increase sensitivity, it may limit 
comparability across measures.

Ultimately, the index of deliberative comment quality weighted the 
four dimensions—rationality, reciprocity, civility, and expressive com
munication—equally, even though some dimensions contained more 
variables than others. This approach may have influenced the overall 
score and potentially underestimated effects on individual dimensions.

6.2. Implications & conclusion

This study highlights the potential of aggregation, in the form of 
discussion summaries, to improve online deliberation in comment sec
tions by increasing users’ willingness to comment and enhancing the 
quality of their contributions. By reducing information overload, ag
gregation makes complex discussions more accessible and reduces 
cognitive strain. Our findings indicate that summaries not only help 
users process information more effectively but also increase both 
objective and subjective knowledge, leading to more thoughtful and 
deliberative comments.

Theoretically, our research advances understanding of how online 
discussion design can mitigate information overload and foster mean
ingful user participation. By structuring contributions and highlighting 
key points, platforms can improve the deliberative quality of comments. 
Distinguishing between subjective and objective knowledge provides a 
more nuanced account of user engagement, underscoring the pivotal 
role of perceived knowledge in motivating participation and shaping 
comment quality.

For platform designers and moderators, aggregation techniques offer 
a way to foster more inclusive and higher-quality discourse. Summari
zing key facts, arguments, or opinions, creates a more manageable 
environment, encouraging participation and raising the overall quality 
of public discussions. Since aggregation criteria did not significantly 
affect perceived overload, platforms can select whichever format best 
suits the context without compromising user experience.

In this study, summaries were created by human coders, which 
ensured deliberative relevance and fairness. Yet human curation is 
difficult to scale in high-volume comment sections. Advances in natural 
language processing and large language models now make automated 
summarization pipelines feasible (Bhaskar et al., 2023). While such 
systems face challenges of accuracy, neutrality, and representativeness 
(Cao et al., 2022; Li et al., 2025), their viability increases when com
bined with lightweight fact checks and selective human review.

Beyond questions of scalability, the aggregation of arguments, facts, 
or opinions in political discussions also raises concerns about perceived 
bias and trustworthiness, particularly when such aggregation is imple
mented at scale using AI-based systems. Even when summaries are 
designed to be neutral and comprehensive, users may question how 
content is selected, framed, or prioritized, which can affect trust in both 
the aggregation mechanism and the hosting platform. These concerns 
are especially salient in politically sensitive contexts, where perceptions 
of imbalance or selective emphasis may undermine deliberative legiti
macy. Transparent aggregation criteria and clear communication about 
how summaries are generated therefore appear crucial for maintaining 

user trust alongside the deliberative benefits identified in this study.
Our results provide a foundation for further exploration of aggre

gation in online deliberation. Future work should test whether effects 
generalize across topics, platforms, and audiences, particularly in de
bates that are more complex or less dichotomous than cannabis legali
zation. Longitudinal designs could assess whether improvements in 
knowledge, overload, and comment quality persist over time, while 
experiments in interactive settings (e.g., live chats, threaded forums) 
could capture more naturalistic dynamics. Comparative studies of 
human-versus AI-generated summaries, replications on issues such as 
climate policy or migration, and cross-topic robustness checks would 
help clarify topic sensitivity and boundary conditions.

In addition, future studies could move beyond composite measures of 
deliberative quality to examine subdimensions such as rationality, 
reciprocity, civility, and expressive communication individually. While 
we relied on an index for reasons of consistency and comparability, 
disaggregated analyses may reveal whether aggregation selectively 
fosters certain facets of deliberation, thereby offering a more differen
tiated understanding of its effects.

Finally, studies should examine how aggregation effects can be 
amplified, for example by combining summaries with interactive fea
tures (e.g., voting, highlighting), adapting them dynamically to user 
needs (e.g., layered or expandable formats), timing exposure strategi
cally to avoid bias, or complementing text with visual aids such as 
argument maps (Roush & Balaji, 2020; Roush et al., 2024). Pursuing 
these avenues will clarify the boundaries of aggregation's effectiveness 
and inform the design of scalable deliberative systems.

Taken together, our findings show that aggregation can simulta
neously reduce cognitive strain and strengthen deliberative confidence. 
They highlight how even low-effort design interventions can meaning
fully shape user engagement and comment quality, offering a promising 
pathway for scalable implementation through AI-supported 
summarization.
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Appendix

Table A1.1 
Treatment Check: Perception of the Stimuli I

No aggregation n = 43 Aggregation n = 105/106 ANOVA

M (SD) M (SD) F (df1, df2) p η2

Structure (α = .94) 3.18 (1.63) 4.57 (1.72) 20.49 (1, 146) <.001 .12
Well structured 3.12 (1.76) 4.44 (1.87) 15.89 (1, 147) <.001 .10
Clear 3.33 (1.89) 4.50 (1.95) 11.28 (1, 147) <.001 .07
Illustrative 3.42 (1.67) 4.87 (1.76) 21.20 (1, 146) <.001 .13
Easy to find relevant information 2.86 (1.89) 4.41 (1.96) 19.43 (1, 147) <.001 .12
Informativeness (α = .93) 3.17 (1.74) 4.20 (1.59) 12.19 (1, 147) <.001 .08
Informative 3.16 (1.83) 4.58 (1.71) 20.32 (1, 147) <.001 .12
Provided new information 3.07 (1.93) 3.72 (1.78) 3.86 (1, 147) .051 .03
Helpful to expand knowledge 2.88 (1.87) 4.01 (1.87) 11.10 (1, 147) <.01 .07
Conveyed key aspects of the topic 3.56 (1.89) 4.49 (1.72) 8.48 (1, 147) <.01 .06
Comprehensibility (α = .93) 4.82 (1.52) 5.63 (1.13) 12.86 (1, 147) <.01 .08
Easy to understanda 5.19 (1.52) 5.95 (1.09) 9.10 (1, 60.41) <.01 .08
Clearly formulated 4.21 (1.86) 5.17 (1.53) 10.64 (1, 147) <.01 .07
Easy to followa 5.00 (1.62) 5.60 (1.26) 4.81 (1, 63.48) <.05 .04
Understandablea 4.88 (1.55) 5.80 (1.17) 12.28 (1, 62.59) <.001 .10
Design (α = .94) 4.32 (1.64) 4.36 (1.64) .02 (1, 146) .882 .00
Appealing webpage design 4.09 (1.78) 4.30 (1.78) .40 (1, 146) .531 .00
Liking of the webpage 4.37 (1.76) 4.12 (1.80) .59 (1, 146) .444 .00
Consistent webpage design 4.49 (1.61) 4.67 (1.65) .36 (1, 146) .548 .00
Realism (α = .82) 5.62 (1.26) 5.27 (1.30) 2.26 (1, 147) .135 .02
Realistic presentation of information 5.44 (1.42) 5.37 (1.48) .08 (1, 147) .780 .00
Authentic content 5.72 (1.39) 5.48 (1.48) .83 (1, 147) .363 .01
Expectation of similar presentation on a real news site 5.70 (1.49) 4.96 (1.62) 6.59 (1, 147) <.05 .04

Note. M = Mean, SD = Standard Deviation, η2 = Eta-squared, p = significance level. Scale from 1 to 7. Pretest-Data.
a Due to a significant Levene's test, Welch tests are reported.

Table A1.2 
Treatment Check: Perception of the Stimuli II

Argument-based n = 34 Opinion-based n = 38 Fact-based 
n = 34

ANOVA

M (SD) M (SD) M (SD) F (df1, df2) p η2

Structure a (α = .94) 4.61 (1.73) 4.67 (1.48) 4.41 (1.98) .20 (2, 65.32) .823 .00
Well structured 4.44 (1.83) 4.71 (1.66) 4.15 (2.13) .81 (2, 103) .448 .02
Clear a 4.47 (2.11) 4.71 (1.59) 4.29 (2.18) .45 (2, 103) .642 .01
Illustrative 4.91 (1.77) 4.95 (1.61) 4.74 (1.96) .14 (2, 102) .869 .00
Easy to find relevant information 4.44 (1.98) 4.32 (1.74) 4.47 (2.22) .06 (2, 103) .939 .00
Informativeness (α = .93) 4.35 (1.53) 3.92 (1.51) 4.36 (1.75) .91 (2, 103) .405 .02
Informative 4.68 (1.55) 4.34 (1.70) 4.76 (1.89) .61 (2, 103) .543 .01
Provided new information 3.97 (1.80) 3.32 (1.74) 3.91 (1.76) 1.54 (2, 103) .220 .03
Helpful to expand knowledge 4.18 (1.83) 3.71 (1.86) 4.18 (1.93) .75 (2, 103) .473 .01
Conveyed key aspects of the topic 4.59 (1.56) 4.32 (1.54) 4.59 (2.06) .30 (2, 103) .740 .01
Comprehensibility (α = .93) 5.58 (1.27) 5.55 (1.04) 5.78 (1.09) .43 (2, 103) .652 .01
Easy to understand 5.82 (1.31) 5.89 (1.06) 6.15 (.86) .83 (2, 103) .439 .02
Clearly formulated 5.12 (1.51) 5.21 (1.40) 5.18 (1.71) .03 (2, 103) .968 .00
Easy to follow 5.53 (1.46) 5.45 (1.10) 5.85 (1.18) 1.03 (2, 103) .362 .02
Understandable 5.85 (1.31) 5.63 (1.15) 5.94 (1.07) .67 (2, 103) .516 .01
Design (α = .94) 4.47 (1.62) 4.44 (1.59) 4.16 (1.75) .36 (2, 102) .701 .01
Appealing webpage design 4.44 (1.74) 4.32 (1.77) 4.12 (1.85) .27 (2, 102) .762 .00
Liking of the webpage 4.32 (1.74) 4.21 (1.66) 3.82 (2.01) .73 (2, 102) .485 .01
Consistent webpage design 4.65 (1.57) 4.79 (1.71) 4.55 (1.68) .20 (2, 102) .823 .00
Realism (α = .82) 5.14 (1.57) 5.52 (1.11) 5.13 (1.20) 1.07 (2, 103) .345 .02
Realistic presentation of information a 5.09 (1.64) 5.79 (1.19) 5.18 (1.53) 2.89 (2, 65.35) .063 .05
Authentic content 5.35 (1.63) 5.68 (1.47) 5.38 (1.35) .55 (2, 103) .578 .01
Expectation of similar presentation on a real news site 4.97 (1.82) 5.08 (1.40) 4.82 (1.68) .22 (2, 103) .803 .00

Note. M = Mean, SD = Standard Deviation, η2 
= Eta-squared, p = significance level. Scale from 1 to 7. Pretest-Data.

a Due to a significant Levene's test, Welch tests are reported.
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Table A2 
Content Analysis: Operationalization

Dimension/Variable Category Definition Based on

Rationality
Topic relevance [0] absent [1] 

present
Indicates whether a comment refers to the topic of the article 
preview (cannabis legalization).

Esau et al., 2023; Freelon, 2010; Ruiz, 2011

Argument [0] absent [1] 
present

Indicates whether a comment contains at least one argument. Esau, 2022; Esau et al., 2017, 2023; Kies, 2010; 
Stromer-Galley, 2007

Additional knowledge [0] absent [1] 
present

Indicates whether a comment contains additional knowledge. Ziegele et al., 2020

Genuine question [0] absent [1] 
present

Indicates whether a comment contains genuine questions. Esau, 2022; Esau et al., 2023; Stromer-Galley, 
2007

Constructiveness [0] absent [1] 
present

Indicates whether a comment constructively influences the 
debate.

Esau et al., 2017, 2023; Monnoyer-Smith & 
Wojcik, 2012

Reciprocity
Reference to individual users [0] absent [1] 

present
Indicates whether a comment refers to one or more users. AUTHOR CITATION; Esau et al., 2017; Rowe, 

2015
Reference to all users [0] absent [1] 

present
Indicates whether a comment refers to all users. AUTHOR CITATION; Esau et al., 2017; Rowe, 

2015
Civility
Explicit respect [0] absent [1] 

present
Indicates whether a comment contains explicit expressions of 
respect, appreciation, or thanks.

AUTHOR CITATION; Steenbergen et al., 2003

Absence of insults [0] absent [1] 
present

Indicates whether a comment is free of insults. Esau et al., 2017

Absence of shouting [0] absent [1] 
present

Indicates whether a comment is free of shouting. Friess et al., 2021

Absence of vulgarity [0] absent [1] 
present

Indicates whether a comment is free of vulgarity. Friess et al., 2021

Absence of sarcasm/cynicism [0] absent [1] 
present

Indicates whether a comment is free of sarcasm/cynicism. Friess et al., 2021

Absence of lies/false factual claims [0] absent [1] 
present

Indicates whether a comment is free of lies or false factual 
claims.

Friess et al., 2021

Absence of threats [0] absent [1] 
present

Indicates whether a comment is free of threats. Friess et al., 2021

Absence of advocacy for violence/ 
negative consequences

[0] absent [1] 
present

Indicates whether a comment is free of advocacy for violence 
or negative consequences.

Friess et al., 2021

Absence of group related hostility [0] absent [1] 
present

Indicates whether a comment is free of group-related hostility. Friess et al., 2021

Expressive Communication
Positive emotions [0] absent [1] 

present
Indicates whether a comment contains positive emotions. Esau, 2022; Esau et al., 2023

Negative emotions [0] absent [1] 
present

Indicates whether a comment contains negative emotions. Esau, 2022; Esau et al., 2023

Storytelling [0] absent [1] 
present

Indicates whether a comment contains stories or personal 
experiences.

Black, 2008; Esau, 2022; Esau et al., 2023; 
Polletta & Lee, 2006

Innocuous humor [0] absent [1] 
present

Indicates whether a comment contains jokes, humorous 
content, or light-heartedness.

Esau, 2022; Esau et al., 2023

Empathy [0] absent [1] 
present

Indicates whether a comment acknowledges or empathizes 
with perspectives or feelings.

Esau et al., 2023; Kies, 2010

Table A3 
Content Analysis: Reliability

Dimension/Variable Intracoder reliability (Krippendorff's α) Intercoder reliability (Krippendorff's α)

Rationality
Topic relevance 1 .81
Argument .85 .77
Additional knowledge .85 .82
Genuine question .95 .89
Constructiveness .83 .71
Reciprocity
Reference to individual users 1 .93
Reference to all users 1 .89
Civility
Explicit respect 1 .93
Absence of insults .95 .79
Absence of shouting 1 .85
Absence of vulgarity .95 .90
Absence of sarcasm/cynicism 1 .66
Absence of lies/false factual claims 1 .92
Absence of threats 1 1
Absence of advocacy for violence/negative consequences 1 .94
Absence of group related hostility 1 .87
Expressive Communication

(continued on next page)
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Table A3 (continued )

Dimension/Variable Intracoder reliability (Krippendorff's α) Intercoder reliability (Krippendorff's α)

Positive emotions 1 .84
Negative emotions .94 .94
Storytelling .89 .95
Innocuous humor 1 .91
Empathy 1 .95

Table A4 
Randomization Check: No aggregation/Aggregation

No Aggregation n = 332 Aggregation n = 311 ANOVA

M (SD) M (SD) F (df1, df2) p η2

Left-right 4.78 (1.83) 4.76 (1.98) .03 (1, 641) .855 .00
Agea 50.12 (14.42) 50.17 (14.77) .00 (1, 641) .965 .00

Note. M = Mean, SD = Standard Deviation, η2 
= Eta-squared, p = significance level. Scale from 1 to 7.

a Different value range: Open-ended question, Min = 18, Max = 74.

Table A5 
Randomization Check: Aggregation Criteria

Arguments n = 100 Opinions n = 105 Facts n = 106 ANOVA

M (SD) M (SD) M (SD) F (df1, df2) p η2

Left-right 4.59 (1.93) 4.62 (1.90) 5.05 (2.09) 1.76 (2, 308) .174 .01
Agea,b 50.05 (14.66) 50.55 (13.64) 49.91 (16.04) .06 (2, 204.31) .944 .00

Note. M = Mean, SD = Standard Deviation, η2 
= Eta-squared, p = significance level. Scale from 1 to 7.

a Different value range: Open-ended question, Min = 18, Max = 74.
b Due to a significant Levene's test, the Welch test is reported.

Table A6 
Randomization Check: Gender (No aggregation/Aggregation)

No aggregation n = 332 Aggregation n = 311 Chi-square test

n (%) n (%) χ2 df p V

Gender ​ ​ .36 1 .547 .02
Female 157 (47.3) 152 (49.7) ​
Male 175 (52.7) 154 (50.3) ​

Note. Column percentages. n = absolute frequency, % = relative frequency, χ2 = Chi-square, df = degrees of freedom, p = significance level, V = Cramer's V. “Other” 
excluded from the analysis.

Table A7 
Randomization Check: Education (No Aggregation/Aggregation)

No aggregation n = 329 Aggregation n = 311

n (%) n (%) χ2 df p V

Education ​ ​ 3.40 3 .335 .07
No degree 0 (.0) 0 (.0) ​ ​ ​ ​
Lower secondary school degree 38 (11.6) 25 (8.0) ​ ​ ​ ​
Intermediate secondary school degree 102 (31.0) 106 (34.1) ​ ​ ​ ​
(Technical) university entrance qualification 86 (26.1) 73 (23.5) ​ ​ ​ ​
University degree 103 (31.3) 107 (34.4) ​ ​ ​ ​

Note. Column percentages. n = absolute frequency, % = relative frequency, χ2 = Chi-square, df = degrees of freedom, p = significance level, V = Cramer's V. “Still in 
school” excluded from the analysis.

Table A8 
Randomization Check: Gender (Aggregation Criteria)

Arguments n = 98 Opinions n = 105 Facts n = 103

n (%) n (%) n (%) χ2 df p V

Gender ​ ​ ​ .59 2 .745 .04
Female 50 (51.0) 54 (51.4) 48 (46.6) ​ ​ ​ ​
Male 48 (49.0) 51 (48.6) 55 (53.4) ​ ​ ​ ​
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Note. Column percentages. n = absolute frequency, % = relative frequency, χ2 
= Chi-square, df = degrees of freedom, p = significance level, V = Cramer's V. “Other” 

excluded from the analysis.
Table A9 
Randomization Check: Education (Aggregation Criteria)

Arguments n = 100 Opinions n = 105 Facts n = 106

n (%) n (%) n (%) χ2 df p V

Education ​ ​ ​ 11.91 6 .064 .06
No degree 0 (.0) 0 (.0) 0 (.0) ​ ​ ​ ​
Lower secondary school degree 9 (9.0) 5 (4.8) 11 (10.4) ​ ​ ​ ​
Intermediate secondary school degree 27 (27.0) 47 (44.8) 32 (30.2) ​ ​ ​ ​
(Technical) university entrance qualification 22 (22.0) 26 (24.8) 25 (23.6) ​ ​ ​ ​
University degree 42 (42.0) 27 (25.7) 38 (35.8) ​ ​ ​ ​

Note. Column percentages. n = absolute frequency, % = relative frequency, χ2 = Chi-square, df = degrees of freedom, p = significance level, V = Cramer's V. “Still in 
school” excluded from the analysis.

Data availability

Data will be made available on request.
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